Degraded lands have often been suggested as a solution to issues of land scarcity and as an ideal way to meet mounting global demands for agricultural goods, but their locations and conditions are not well known. Four approaches have been used to assess degraded lands at the global scale: expert opinion, satellite observation, biophysical models, and taking inventory of abandoned agricultural lands. We review prominent databases and methodologies used to estimate the area of degraded land, translate these data into a common framework for comparison, and highlight reasons for discrepancies between the numbers. Global estimates of total degraded area vary from less than 1 billion ha to over 6 billion ha, with equally wide disagreement in their spatial distribution. The risk of overestimating the availability and productive potential of these areas is severe, as it may divert attention from efforts to reduce food and agricultural waste or the demand for land-intensive commodities.
Introduction
Degraded lands are the center of much attention as global demands for food, feed and fuel continue to increase at unprecedented rates, while the agricultural land base needed for production is shrinking in many parts of the world (Bruinsma, 2003; Food and Agriculture Organization of the United Nations [FAO], 2005; Gelfand et al., 2013; Lambin et al., 2013; Lambin & Meyfroidt, 2011; Tilman et al., 2001) . Indeed, projected population increases and rapidly growing meat consumption portend a projected doubling in global demand for agricultural commodities by 2050 (FAO, 2006) . We expect additional pressure on the land base for fuel production as energy policies encourage more bioenergy production (World Energy Council [WEC], 2011).
Yield increases on existing croplands will be an essential component to increased food production, but by themselves will not suffice (Godfray et al., 2010; Hubert, Rosegrant, van Boekel, & Ortiz, 2010; Ray, Mueller, West, & Foley, 2013) . Though inevitable, agricultural expansion into natural ecosystems leads to significant losses of ecosystem services, such as habitat necessary to maintain biodiversity, storage of carbon, flood mitigation, and soil and watershed protection, to cite a few (Foley et al., 2005; Gibbs et al., 2010; Lambin & Meyfroidt, 2011) . Indeed, the full consequences of past and current agricultural expansion remain poorly understood, yet are likely to be dramatic. For example, Gibbs et al. (2010) found that during the 1980s and 1990s more than half of newly expanding agricultural areas in the tropics came at the expense of closed forests, with an additional third from disturbed forests. Others identify natural and planted grasslands as key sources for expanding row crops in the United States (Wright & Wimberly, 2013) . Attention often focuses on steering crop expansion toward degraded or marginal lands in the hope of avoiding the environmental consequences of agricultural expansion into high-value ecosystems (e.g., Fargione, Hill, Tilman, Polasky, & Hawthrone, 2008; Gibbs et al., 2008) .
Environmental and aid organizations, politicians, scientists, and the agricultural and energy sectors all point to various types of underutilized or degraded land as the solution to reconcile forest conservation with increasing agricultural production (e.g., Alexandratos & Bruinsma, 2012; Deininger & Byerlee, 2011; Gallagher, 2009; Gelfand et al., 2013; Gibbs, 2012; Robertson et al., 2008; Tilman, Hill, & Lehman, 2006) . Clearly, there are a host of benefits to be achieved from the idealized vision of restoring degraded lands, especially when this could spare forests and avoid competition with food crops. However, this potential is often estimated using highly uncertain data sets Goldewijk & Verburg, 2013; Hoogwijk et al., 2003; Meiyappan & Jain, 2012; Nijsen, Smeets, Stehfest, & Vuuren, 2012; Ramankutty, Heller, & Rhemtulla, 2010; vanVuuren, Vliet, & Stehfest, 2009) , and tends to be overstated, with little attention given to the current status and use of these degraded lands (Lambin et al., 2013; Young, 1999) . The risks of overestimating the availability and productive potential of these areas is severe, as it may divert attention from efforts to reduce waste or the demand for land-intensive commodities such as beef.
Lack of understanding of the location, area, and condition of degraded land is a significant roadblock to a more reality-based strategy. Current estimates of potential production on degraded lands are greatly hindered by missing and often unreliable information (Grainger, 2009; Lewis & Kelly, 2014; Zucca, Peruta, Salvia, Sommer, & Cherlet, 2012) . Indeed, no clear consensus exists as to the extent of degraded land, not only globally, but even within a particular country (Bindraban et al., 2012; FAO, 2008; Lepers et al., 2005) . There are few if any routine assessments of degradation at the country level that keep track of pre-existing or changing conditions, nor is there any agreement on how to conduct such assessments (Bruinsma, 2003) .
Simply to define "degradation" is challenging and likely contributes to the apparent variance in estimates. The term degradation is often used as an umbrella term that encompasses a wide variety of land conditions, such as desertification, salinization, erosion, compaction, or encroachment of invasive species. Conversely, it is sometimes used to refer to only a subset of these conditions. For example, many degradation studies focus only on drylands, so their results are difficult to compare with broader studies that include temperate and humid domains. In addition, there is disagreement between degradation data that include natural processes and those that have been induced solely through human activity (Weigmann, Hennenberg, & Fritsche, 2008) , and it is often difficult to distinguish between these causes. Moreover, many of the specific circumstances behind degradation have different implications for rehabilitation, conservation, and productive potential. For example, in Indonesia a logged forest and highly eroded grassland may both be defined as degraded areas despite the clear distinctions between those land categories (Koh et al., 2010) .
However, there is nearly universal consensus that degradation can be defined as a reduction in productivity of the land or soil due to human activity (Holm, Cridland, & Roderick, 2003; Kniivila, 2004; Oldeman, Hakkeling, & Sombroek, 1990 ). Yet studies focus on temporal and spatial scales of this process that differ, which leads to much confusion when interpreting the results. Indeed, while some estimates of degradation have focused on the end condition of the land, others consider the ongoing process of degradation itself (e.g., Bai, Dent, Olsson, & Schaepman, 2008; Cai, Zhang, & Wang, 2011) , and even the perceived risk of degradation, adding more confusion to the term. Another challenge is that lands with naturally low productivity, such as heathlands or naturally saline soils, may also be described as degraded. Finally, while most seminal efforts have focused on soil degradation (Nijsen et al., 2012; Oldeman et al., 1990) , more recent efforts have investigated the broader issue of land degradation from an ecosystem approach, which encompasses both soils and vegetation.
This paper takes the first step toward resolving these conflicts by compiling estimates of degraded lands at the global scale and providing the first geographically explicit and quantitative comparison across estimates. We review prominent databases and methodologies used to estimate degradation, translate these data into a common framework for comparison, and highlight reasons for discrepancies between the numbers.
Review of key datasets
The major approaches used to quantify degraded lands can be grouped into four broad categories: 1) expert opinion; 2) satellitederived net primary productivity; 3) biophysical models; and 4) mapping abandoned cropland. Each offers a glimpse into the conditions on the ground but none capture the complete picture (Tables 1 and 2 
Expert opinion
Solicitation of expert opinion was the first approach used to map and quantify degraded lands and maintains a leading role in assessments despite its subjective nature and inconsistencies (Dregne & Chou, 1992; Oldeman, 1994; Oldeman, Hakkeling, & Sombroek, 1990) . Such expert judgments will continue to play a role, regardless of improvements in other methods, because degradation will remain a subjective quality whose benchmarks vary among locations (Sonneveld & Dent, 2007) .
The Global Assessment of Soil Degradation (GLASOD) commissioned by the United Nations Environment Program was the first attempt to map human-induced degradation around the world (Oldeman, 1994; Oldeman et al., 1990) and is still used today (e.g., Nijsen et al., 2012) . Oldeman et al. (1990) developed a set of relatively uniform mapping units and then asked experts to estimate the status of soil degradation in terms of the type, extent, degree, rate and causes of degradation within each mapping unit (roughly 1945e1990). The GLASOD data were assembled from over 290 national collaborators, and moderated by 23 regional leaders. The estimates are uniform in the sense that they are based upon defined mapping units and carefully structured definitions but they rely on local knowledge rather than measurements.
Due to this dependence upon local experts, the GLASOD assessment is considered subjective and has been open to disparagement (e.g., Rey, Scoones, & Toulmin, 1998, chap. 1; Thomas, 1993) . Others have criticized GLASOD for the coarse spatial resolution of mapping units and the qualitative judgments whose consistency was untested. Sonneveld and Dent (2007) used GIS analysis to evaluate the consistency of the expert assessments across similar combinations of biophysical conditions and land use. They concluded that GLASOD is only moderately consistent and hardly reproducible. Further, they describe the expert assessments as "not very reliable." Oldeman et al. (1990) were clear in pointing out these limitations, so it is only fair to emphasize that much of the concern stems from inappropriate uses of the data. GLASOD was designed to generate continental scale estimates, and the sampling procedure is not adequate to draw conclusions at the national scale (Bruinsma, 2003; Scherr & Yadav, 1996) .
Despite its limitations, GLASOD remains the only complete, globally consistent information source on land degradation and has been widely used and interpreted (e.g., Bot, Nachtergaele, & Young, 2000; Crosson, 1995 Crosson, , 1997 Pimentel et al., 1995; Sonneveld & Dent, 2007) . Bot et al. (2000) , for example, liberally interpreted the GLASOD survey to provide national-level estimates as part of the TerraSTAT database they created for the FAO. They developed the TerraSTAT estimates based on the premise that using only the area of actual degradation would underestimate the problem by neglecting impacts on surrounding lands, off-site effects such as sedimentation, and impacts on the economy as a whole. For these reasons, Bot et al. (2000) used severity classes based on both degree and extent of soil degradation from GLASOD to develop the Terra-STAT country data. In this way, TerraSTAT aimed to represent the land area affected by degradation, in contrast to the actual degraded area represented by GLASOD.
The GLASOD study estimated that nearly 2 billion ha (22.5 percent) of agricultural land, pasture, forest and woodland had been degraded since mid-twentieth century. Oldeman et al. (1990) deem roughly 2 percent of the soils so severely degraded that the damage is likely irreversible, and another 7 percent was moderately degraded to the point that on-farm investments would be required. The remaining 6 percent was classified as lightly degraded and considered correctable with good land management practices. The FAO TerraSTAT interpretation of GLASOD by Bot et al. (2000) , on the other hand, finds that over 6 billion ha, 66 percent of the world's land, has been affected by degradation, leaving roughly only a third of the world's surface in good condition. The damage is divided into classes, similar to GLASOD e roughly 26 percent was severely or very severely degraded, 21 percent moderately degraded, and the remaining 18 percent lightly degraded. The areas affected by at least moderate degradation comprise 9 percent and 47 percent of the land surface, according to GLASOD and TerraSTAT, respectively (Table 2) , highlighting the high degree of interpretability of these data sets.
Another study by Dregne and Chou (1992) that also relied largely on expert opinion, did aim to provide national-level information on both soil and vegetation degradation but was limited by data availability. They estimate degradation for most countries with drylands by using a combination of research reports, expert opinion, local experience and anecdotal accounts to evaluate both soil and vegetation conditions. Economic impact on plant yield was the main criterion used to determine degradation severity. Dregne and Chou (1992) described the quality of information used to create country-level estimates as "poor." They found very extensive degradation covering roughly 3.6 billion ha (70 percent) of Earth's drylands. Indeed, they concluded that in their study region 73 percent of rangelands, 47 percent of rainfed croplands, and 30 percent of irrigated croplands were degraded. However, others posit that Dregne and Chou (1992) have greatly overestimated degradation (Helld en & Tottrup, 2008) .
The expert opinion approach will continue as a mainstay until satellite-based measurements can provide more accurate and detailed information for both vegetation and soils. Many land-use mapping efforts employ expert opinion successfully (e.g., Achard et al., 2002; FAO, 2000) but are generally limited by issues of consistency and bias. It is particularly challenging to overcome these issues pertaining to degradation because precise definitions are lacking. Table 2 Synthesis of continental and global scale estimates of degradation (million ha). Note the following: a.) Ramankutty and Foley (1999) Table 2 of Bai et al. (2008) , and does not match global total listed in the same source (3506 million ha). d Non-tropical continents not included in this study.
Satellite-based approach
Remotely-sensed data provide a major opportunity to improve our spatial representation of the locations of degraded lands in a globally consistent manner, as well as the process of degradation. However, a major challenge for this approach is to segregate areas of naturally low productivity or sparse vegetation from those that have been degraded by human impact. Satellite data are only available from the 1980s in most cases, so we have only a short time frame to observe changes in the land surface.
An on-going assessment within the FAO's Global Assessment of Lands Degradation and Improvement project (GLADA) is to quantify more degradation events during 1981e2003 by using the normalized difference vegetation index (NDVI), which is widely used to assess vegetation condition and productivity (Bai et al., 2008) . The GLADA project defines land degradation as the long-term decline in ecosystem function and uses the satellite record from the Global Inventory Modeling and Mapping Studies (GIMMS) to assess these changes. Specifically, GLADA utilizes satellite-derived NDVI measurements collected from the Advanced Very High Radiometer (AVHRR, 8 km record) as a proxy for net primary productivity (NPP). Deviations from normal NDVI may indicate land degradation once other factors that may be responsible, such as rainfall, climate, and land use are taken into account.
Early GLADA results reveal a declining trend in NPP across 21 percent of the global land area, 2.7 billion ha, mainly in tropical Africa, Southeast Asia, China, north central Australia, the Pampas, and swaths of the boreal forest in Siberia and North America. Bai et al. (2008) also found that nearly one-fifth of this degraded land is cropland, an area equivalent to more than 20 percent of all cultivated areas. Roughly 40 percent of the degraded lands were found to be in forests, with another quarter in rangelands. But at the same time, they also found that 16 percent of global land area is increasing in NPP, with 20 percent of total cropland area on an upward swing. Roughly 23 percent of forests are also improving along with more than 43 percent of rangelands. The vast majority (78 percent) of degrading lands are found in humid regions, which is contrary to the popular belief that most degradation occurs in drylands. Indeed, Wessels, Van Den Bergh, and Scholes (2012) commented on the Bai et al. (2008) publication of GLADA results, and was highly critical of their methods, especially in the humid tropics where results were described as fatally flawed and misleading.
It is important to note that while satellite-based assessments may capture recent or on-going degradation by measuring changes in productivity, they will not capture the full picture of all degraded lands. Rather they depict only those being actively affected by the processes of degradation. This means that lands degraded long ago, such as parts of West Africa or India, will not be represented by most satellite studies. Satellite data will also struggle to distinguish the fine gradients that exist between degraded and non-degraded grasslands and may be further limited by potentially confounding biophysical conditions (e.g., seasonality in drylands and environmental trends; Wesselset al., 2012). Furthermore, improved technology applied to croplands may mask the effects of degradation, making it difficult for satellite data sets to reveal them. Thus, it is unlikely that remote sensing will be able to map all cases of land degradation unequivocally, but the approach does provide valuable clues and has the potential to identify hotspots of ongoing degradation (Alcantara, Kuemmerle, Prishchepov, & Radeloff, 2012; Prince, Becker-Reshef, & Rishmawi, 2009; Wessels, Prince, & Reshef, 2008) . Moreover, future advances in remote sensing, including hyperspectral data, may allow finer distinctions between land cover classes to be made, thereby enabling a more complete mapping of vegetation and soil degradation. Still, extensive ground data, currently unavailable, will be required to produce reliable estimates of degraded areas from remote sensing at broad scales (Kniivila, 2004) .
Biophysical models
Biophysical modeling has been broadly used to assess the potential vegetative productivity of global land areas (e.g. Fischer, van Velthuizen, Shah, & Nachtergaele, 2002) . Common approaches include global data sets describing climate patterns and soil types to define classes of potential productivity. Such studies may incorporate empirical knowledge and expert opinion, using models to extend these into a globally consistent estimate.
Recent work has indicated that these biophysical models may be combined with observations of land use to map degradation. The spatial and temporal extent, as well as the type of degradation considered, is dependent upon the input data sets for the modeling process. In a recent and prominent example, Cai et al. (2011) used a biophysical model of agricultural productivity to map marginal lands, including degraded lands, by tuning the model to match the distribution of cropland in a global land cover map and areas of pasture land in the FAO database. The biophysical model was based upon spatial descriptions of soil type, topography, average air temperature and precipitation. By combining these data sets with expert opinions and global land cover data sets, they mapped three classes of land productivity globally: low, marginal, and regular. Cai et al. (2011) identified degraded or low-quality cropland through coincidence between maps of modeled marginal productivity and cropland. Marginal areas with low-productivity cropping were designated as abandoned, idle, or wasted, while marginal areas with full cropping were designated as degraded. Thus, the study assesses the extent of degradation due to over-utilization of lands of marginal productivity, and focuses on capturing the process of degradation, rather than the cumulative result. Marginal productivity is assumed to be an indicator of land fragility or sensitivity to over-utilization. Further work could advance the application of biophysical modeling to assessment of land degradation by focusing on direct assessment of land vulnerability, rather than using marginality as a proxy.
In the study by Cai et al. (2011) , early application of biophysical models to assess land degradation estimated nearly 1 billion ha of degraded and abandoned lands globally. Results asserted that Asia (China and India only) contained most of the land degradation, 490 million ha ( Table 2) .
The biophysical approach to assessing land degradation is a recent development. In general, biophysical models may indicate land degradation by combining their prediction of the cropping suitability of land with observation of their current productivity. As the Cai et al. (2011) study focuses on lands of marginal productivity currently being cropped, it excludes previously abandoned lands, lands that were experiencing full productivity when the data were developed, and non-agricultural degradation. Thus, these results do not yield a complete picture of global land degradation. However, the biophysical approach may be applicable to more contexts if the definition of degradation is expanded, and the methods adjusted accordingly. Unfortunately, however, modeling approaches that rely on models will inevitably be influenced by any inherent error. For example, the estimate of nearly 1 billion ha of degraded land by Cai et al. (2011) includes any areas that have high productivity yet were incorrectly assigned marginal productivity by their model. Thus, the accuracy of the biophysical approach will be influenced by the quality of the data used for calibration and the suitability of the model selected, which can be especially challenging when trying to manage conditions that vary locally at the global scale.
Abandonment of agricultural lands
Another way to identify degraded lands is to look for areas that were once croplands but have since been abandoned because of decreased productivity, or due to political and economic reasons. The benefit of focusing on these lands is that it captures the longer time frame of the expert opinion approach but quantifies the actual conditions rather than estimating potential risk. Moreover, this approach is empirically driven, as it relies on the details of agricultural census data combined with the global consistency provided by satellite mapping.
Recent satellite advances have enabled new global scale datasets of agricultural land cover, which have been developed by merging satellite derived land cover maps with ground level agricultural inventory data sets (Cardille, Foley, & Costa, 2002; Goldewijk, 2001; Ramankutty & Foley, 1999) . Early work by Ramankutty and Foley (1999) pioneered the development of a statistical ''data fusion'' technique to merge national and sub-national agricultural statistics with land cover maps to create global maps of the world's croplands in the early 1990s and their historical changes since the year 1700. They found that the extent of cropland abandonment increased greatly from roughly 65 million ha in the 1950s to 225 million ha in 1990, and the rate of abandonment increased as well. Most cropland abandonment occurred in eastern North America during the early 1900s but expanded to China, southern South America and Europe by mid-century. Toward the end of the last century, abandonment was limited to the eastern portion of the U.S., parts of the Amazon basin and southern South America.
A second database produced using satellite and census data, the History Database of Global Environment 3.0 (HYDE), has also been used to assess the area of abandoned cropland (Goldewijk, 2001; Goldewijk, Bouwman, & Drecht, 2007) . The HYDE database also provides information on pastures not captured by Ramankutty and Foley (1999) . Field et al. (2008) quantified abandoned areas of each map grid cell in HYDE where agricultural area was decreasing over time. Areas of agricultural land that now support forests or have become urbanized were removed from the abandoned cropland estimates by masking the data with a MODIS land cover map. Campbell, Lobell, Genova, and Field (2008) refined this approach by addressing transitions between pasture and cropland in a more internally consistent way. They also quantified the extent of abandoned cropland around the world ( Table 2 ). The analysis of the HYDE database by Campbell, Lobell, and Field (2009) found that over the last three centuries, 269 million ha of cropland and 479 million ha of pastureland were abandoned. However, after accounting for forest regrowth and urbanization, the total area of abandoned agricultural land ranged from 385 to 472 million ha. This study also found that about one-quarter of these abandoned agricultural lands (125 million ha) were across the pan-tropics.
The pan-tropical Landsat analysis led by the United Nations Food and Agricultural Organization (FAO) can also shed light on agricultural abandonment in recent decades. The FAO employed a statistical survey using high-resolution Landsat imagery (30 m by 30 m) at 117 sample locations across the tropics. Unlike most satellite-based studies that identify only the locations of cropland, the manual interdependent change detection method used by the FAO tracks land parcel transitions from one land cover class to another. The FAO Landsat analysis indicated that across the tropics, 77 million ha of cropland and pasture had been abandoned either temporarily or permanently during the 1990s (FAO, 2001; Gibbs et al., 2010) . No woody plantation land was abandoned. The vast majority of the agricultural abandonment occurred in Latin America, where over 56 million ha of land became 'idle' during the 1990s. Tropical Asia accounts for 12 million ha and Africa for the remaining 9 million ha of abandoned land.
The results of these studies are not directly comparable due to differences in geographic domains, time periods and the types of agricultural land considered. However, it is important to note that the magnitude of reported changes are relatively similar, suggesting some degree of confirmation. A significant limitation of this approach is that it excludes degradation other than agricultural abandonment, so the numbers should be considered extremely conservative estimates of degradation. Also noteworthy is the omission of shifting cultivation derived from historical reconstructions of land use, which probably leads to underestimation of abandonment in these assessments (Meiyappan & Jain, 2012) . In addition, the estimates of historical land use on which the agricultural abandonment approach is based are themselves highly uncertain (Goldewijk & Verburg, 2013; Meiyappan & Jain, 2012) . In particular, the majority of inputs regarding pre-industrial landuse patterns are considered by experts to be uncertain on all continents (Goldewijk & Verburg, 2013) .
Methods
The methods of mapping degraded lands discussed in the previous sections have led to notably different descriptions of their spatial distribution. To illustrate this, we removed minor differences due to data set format, units, and coordinate system. Specifically, we selected one map generated with each of the four methods discussed, and converted them into the percent of area degraded on a common equal-area grid. In so doing, we excluded degradation that was labeled as light in severity (Fig. 1) . Though each data set was handled with considerations unique to it, the general process was: (1) transform the data into the equal-area projection Eckert IV with a high resolution of 1 km; (2) convert the data to units of degraded area; (3) scale the data to a lower resolution of 20 km by summing degraded areas among highresolution cells; and (4) convert the data to units of percent area degraded by dividing the area degraded by the cell area.
The foremost example of an expert opinion assessment of global degraded lands, GLASOD, was provided in vector format. The polygons were converted to a raster format with 1 km resolution, including only degradation of moderate, strong, and extreme degrees (classes 2e4). We then converted the degradation extent classes to percent area degraded by applying the median of the range represented for each class. The extent of degradation was then used to calculate the area degraded in each cell.
The GLADA data set, provided as a raster representing the slope of linear regression of summed Rain Use Efficiency (RUE)-adjusted NDVI (ratio of vegetation production to rainfall), was used to represent satellite-estimates of degraded land (Fig. 3 of Bai et al., 2008) . Following the method used by Bai et al. (2008) , we assumed that any pixel with a negative trend in RUE-adjusted NDVI is degraded over its full area.
The Cai et al. (2011) data set is the only available example of mapping global degraded lands with biophysical modeling. We obtained this data set as a raster representing abandoned and degraded land area with a spatial resolution of 30 arc second geographic. We converted the data to fraction of area degraded at five arc minute resolution before transforming to Eckert IV. We noted that the total area degraded and abandoned in the data set was 42 percent higher than the area reported by Cai et al. (2011) . This is because they excluded some heavily degraded areas in their report, primarily Eastern Europe and Western Russia.
To represent the global distribution of abandoned agriculture, the results from Campbell et al. (2008) were obtained as a raster data set. We selected the upper bound of abandoned area at five arc minute geographic resolution, because it more closely resembles other estimates of global degraded area ( Table 2) . As we did with Cai et al. (2011) , we converted these data to the fraction of area degraded before transforming to Eckert IV.
Once the four maps were translated into the degraded area in 20 km cells in Eckert IV projection, we used four methods to assess their similarities and differences: visual comparison (Fig. 1) ; identification of the number of data sets in agreement (Fig. 2) ; linear regression among each pair of data sets; and the standard deviation, s, among all four data sets in each 20 km cell (Fig. 3) . Visual comparison was useful in identifying large differences between maps at the global scale. The number of data sets in agreement revealed places where the majority of data sets diverged in their appraisal of degradation effects. Linear regression indicated the presence or absence of any relationships between specific pairs of degradation mapping methods (e.g. expert opinion versus abandoned agriculture). Standard deviation, calculated independently for each 20 km cell, indicated the spread of the values that the four mapping methods ascribe to degraded area.
Taken together, the maps of the number of data sets in agreement, and the standard deviation among all four mapping methods, are very informative. Where all four values indicate degradation of similar extent (up to 20 percent of cell area), there are four data sets in agreement (dark green in Fig. 2 ) and the standard deviation is low (yellow or green in Fig. 3) . Where three data sets indicate a similar degree of degradation, but one set diverges, there are three data sets in agreement (light green in Fig. 2 ) and the standard deviation reflects the degree of divergence. Similarly, where two data sets indicate a similar state of degradation, and the other two indicate different degrees of degradation, there are two data sets in agreement (yellow in Fig. 2) , and the standard deviation reflects how far the two differing sets diverge from the two in agreement. Finally, where all four data sets indicate different states of degradation, there is only one data set in agreement (red in Fig. 2) , and the standard deviation is high (red in Fig. 3 ). (For interpretation of the references to color in this paragraph, the reader is referred to the web version of this article.)
Discussion
None of the assessments described here provided direct measurement of degradation. All studies relied on proxies in the form of satellite-derived indices, expert opinion, agricultural abandonment, or modeling. No single estimate accurately captures all degraded lands, but each does contribute to the overall discussion. Quantifying the error or uncertainty in these estimates is difficult, perhaps impossible, because there are no accepted values against which to make comparisons.
There is general agreement among the data sets regarding areas with little to no degradation. Of the cells that show agreement among all four data sets, 89 percent have an average extent of degradation that is less than 5 percent of the cell area. Thus, it is far less common for all of the data sets to agree that an area is degraded than to concur that it is not.
The greatest disagreement occurs in Asia where only two data sets show agreement and standard deviation among the data sets is greater than 30 percent of cell area for large areas of China and Southeast Asia. There is also a large area of disagreement in Central Africa, with >40 percent standard deviations. In Europe, the greatest disagreement is in Western Russia. In North America, it is in Southern Mexico and the Upper Midwestern US. In South America, the largest disagreement is in the Pampas of Argentina, in Uruguay, and in Southern Brazil.
Part of the variation is expected, due to different definitions, methodologies, time periods and domains. For example, there is very little agreement between GLADA and GLASOD when considered spatially (R 2 ¼ 0.00 for percent area degraded in 20 km cells) in part because GLASOD considered soil degradation over centuries while GLADA considered only vegetation degradation over decades.
It is possible to note areas mapped as degraded in the GLASOD data set alone. Specifically, several areas in the Sahel (in Mali, Burkina Faso, Niger and Sudan) are mapped as degraded in GLA-SOD, but not captured using the other approaches. This discrepancy leads to only three data sets agreeing in these regions and standard deviations of about 30 percent of cell area.
GLADA alone observed degradation in several areas, leading to patches of disagreement in Eastern Argentina, Quebec and Ontario in Eastern Canada, much of Central Africa, the Northern Territory in Australia, and the Central Siberian Plateau. In these regions, it is likely that vegetation degradation has occurred in recent decades, without the associated soil degradation that the other approaches would have captured.
The Cai et al. (2011) data set observes heavy degradation in the area around Moscow, in Western Russia. It is unclear whether the unique identification of heavy degradation in this area is an artifact of the biophysical modeling approach or an indication of recent ongoing over-utilization of lands of marginal productivity that is sure to lead to degradation.
The Campbell et al. (2008) data set does not appear to contribute to high standard deviations among the four sets because it does not contain large areas of concentrated abandonment. Rather, any areas mapped as greater than 50 percent abandoned agriculture are smaller ( 6400 km 2 ) than those areas of disagreement discussed above. Indeed, the large spreads of low concentration abandonment in Campbell et al. (2008) highlights an additional concern in applying these datasets to the estimation of biofuel production: additional infrastructure needs for production on small areas spread over much of the Earth's surface would be inhibitive, at best. The two global agricultural databases are also difficult to compare because Ramankutty and Foley (1999) do not consider abandonment of pastureland, which is part of the Campbell et al. (2009) estimate.
Other than the cropland abandonment estimates, many of the datasets contain estimates that are likely too high. Consider, for example, that during these periods of widespread degradation covering upward of 75 percent of the world's land surface, we have continued to increase our agricultural production. This is undoubtedly due in part to increased inputs to compensate for soil nutrient depletion and erosion, but nonetheless it does draw into question the extremely high estimates by GLADA, FAO TerraSTAT, and Dregne and Chou (1992) .
Our uncertain knowledge of degraded lands is not surprising given the significant measurement challenges of capturing a dynamic and subjective condition. Site-specific context, such as soil type, topography, farming practices and land use history, all influence degradation. Context can also be time-specific in terms of rainfall patterns, fire regimes and changes in land management. Some types of degradation such as soil compaction or acidification are particularly difficult to discern even at the field level, much less across larger spatial scales. Moreover, the on-site impacts of degradation can be masked by inputs or by improving land management or technology. Degradation in one area may have ripple effects on other areas that are not readily evident from observations (e.g., siltation, chemical contamination). Scaling up to national or regional levels is clearly challenging, but is also precisely the information that is needed by policymakers.
Development of relevant and consistent definitions of degradation is increasingly important as we attempt to establish policy and market-based incentives to encourage production on these lands. Definitions that are constrained or region-specific will be needed to avoid unintended consequences. For example, in Indonesia, very low-productivity grasslands and logged forests are both categorized as degraded despite huge differences in their current use and the environmental impacts of conversion Fairhurst & McLaughlin, 2009; Woodcock et al., 2011) .
Emphasis on the specific modes of degradation could be another approach. For example, The FAO/IIASA analysis of Global Agro-EcoZones (GAEZ) estimates that 1.39 billion ha are affected by excess salts, leading to moderate, severe, or very severe constraints (FAO/IIASA 2012). Though this data set does not indicate the cause of salinization, it could yet suggest more about the improvability of the land than the more general term 'degraded.'
Efforts to map degraded lands often aim to identify regions that could be converted to uses deemed more productive, particularly biofuel production. However, most studies ignore the social and environmental constraints and tradeoffs associated with using such lands. Even a precise map of the physical area of degraded land would significantly overestimate its potential by neglecting its myriad social, environmental, and political constraints (Lambin et al., 2013; Young, 1999) . Moreover, the recoverability of degraded lands is not in linear relationship with its degradation pressure. Specifically, degraded land may be reasonably recoverable until it reaches a tipping point. Beyond this threshold, the resources needed to recover the land may no longer justify its improvement. Lambin et al. (2013) emphasize that the physical availability of degraded land is only part of the story. We must also consider the human role in decisions to invest in these lands (Swinton, Babcock, James, & Bandaru, 2011) . Economic incentives will be needed to encourage production on degraded lands in many cases (Swinton et al., 2011) . To grow crops or animals on lands with reduced productivity will be a low profitehigh cost enterprise that is unlikely to happen without strong economic incentives to farmers and agroindustry. For example, additional inputs of fertilizer and pesticides will require fossil energy for production and transportation and may lead to downstream impacts of increased eutrophication or chemical toxicity. Irrigation will undoubtedly be needed in many degraded regions and this will stress our already tenuous worldwide water supply.
Conclusion
Restoration of degraded lands does offer a lower-carbon expansion pathway, and could provide some respite for forest conversion or increase food production in key locales (Gibbs et al., 2008) . However, restoring and cultivating degraded lands near forests may erode their passive protection due to the increased infrastructure development. Some degraded lands were once forests or savannas and may be better suited to restoration to those ecosystems, and their associated carbon sinks, rather than undergoing further development for agriculture (Houghton & Hackler, 2006; Piñeiro, Jobb agy, Baker, Murray, & Jackson, 2009) . Leakage may also occur as communities evicted from such degraded areas are pushed into the forest frontier, or they could face reduced livelihoods if pushed onto even lower quality lands. Emphasizing and mapping these vulnerable regions may also facilitate largescale economic land acquisitions, as countries perceived to have more cultivable land are likely to be more attractive to investment by others (Deininger & Byerlee, 2011) . In many ways our focus on using degraded lands is a distraction; it lulls us into complacency by implying that we can easily continue meeting global demands for agricultural commodities. Even degraded lands do not offer a "free ride" (Lambin et al., 2013) .
Despite uncertainties in these estimates of degraded areas and their ideal uses, improved understanding of our global land base is necessary to address worldwide land scarcity, and to develop policies around bioenergy and large-scale land acquisitions (Lambin & Meyfroidt, 2011; Lambin et al., 2013) . The estimates provided here provide a starting point for considering the potential of degraded land. More importantly, they emphasize the urgency for new approaches that will likely require a combination of innovative satellite data analysis and extensive field inventories.
